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a b s t r a c t
This work describes the design and experimental results of an algorithm, designed to localize a gas
source in an indoor environment with no strong airflow by using an autonomous agent. This condition
exacerbates the patchiness and intermittency of odor distribution, typical of turbulent flows in the
presence of strong mean flows. Furthermore, no information about the wind can be used to detect the
position of the source. In the approach proposed here, the robot moves along spirals. A spiral can be reset
and a new one started, based on the information acquired about gas distribution. This enables the robot
to get close to the ejecting source, without relying on airflow measurements. Results from experiments
are also described and discussed, to assess the efficiency of the proposed method.
© 2008 Elsevier B.V. All rights reserved.1. Introduction
This paper describes the design and implementation on a
robotic autonomous agent of a biologically-inspired algorithm,
named SPIRAL (Searching Pollutant Iterative RoundingALgorithm),
which aims to localize a gas/odor source in an indoor environment
in the absence of a strong and constant airflow. Even if this
condition represents a realistic indoor scenario very well, it
presents certain difficulties to the autonomous agent to track a
plume up to its source. The lack of a strong wind exacerbates the
patchiness and intermittency of gas distribution, as it is typical
of turbulent flows in the presence of strong mean flows. Gas
dispersion is characterized by low energy, turbulent mixing and
weak convective airstreams. Therefore, gas distribution presents
high temporal variations around an average value. Gas distribution
features and the lack of possibility of using information about
wind direction to infer the position of an emitting source, make
these experimental conditions much more challenging than the
experimental setting usually used in literature for plume tracking
experiments, where a strong and constant wind is artificially
generated.
In the approach here pursued, the robot moves along a spiral
path and stops at a temporal window in some specific locations
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doi:10.1016/j.robot.2008.07.004in order to sample the gas. Based on the features collected from
the information acquired, the robot computes an index, called
the Proximity Index (PI), to assess how close the source of the
gas is to the sampling location. The PI is computed based on the
average of the signal measured, together with a measurement
of the peaks present in the acquired signal (concentration peak
frequency and intensity seem to increase in association with
proximity to a source [3,22]). Based on considerations about the
created PIs, a spiral may be reset and, after that, a new one is
started. This movement allows the robot to approach an emitting
source without relying on any information about the airflow.
The SPIRAL algorithm was implemented on a robotic platform
developed by the authors [9,10] and experimental results are
reported here. To test the efficiency of the algorithm we also
evaluated the results of a so-called random SPIRAL, in which
the original SPIRAL algorithm was tested with randomly created
PIs. We have also compared SPIRAL with a bacterium inspired
algorithm [32], with two different sampling times, to investigate
how changes in the acquisition time may affect its behavior.
The paper is outlined as follows: the next section focuses on
the potentialities and difficulties associated with the localization
of a chemical source by using an autonomous robot. A review
follows of previous works on source localization in experimental
settings with and without a strong wind. Section 2 illustrates
sensors calibration and source characterization results. Section 3
introduces the SPIRAL algorithm. Section 4 and 5, respectively,
describe the experimental set-up and experimental results. Finally,
conclusions and recommendations for future research close the
paper.
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agent
The sense of smell is widely used throughout the biological
world. Animals use odors to catch information about the environ-
ment and to appropriately react to different situations [7]. Odor is
fundamental for many animal species to localize a possible source
of food [5,13,34] a mate (like moths, which follow a pheromone
plume [2,6]), or to escape from possible predators [15]. Further-
more, odors can also be used as ameans of communication to orga-
nize complex social behaviors: bees use odor to recognize relatives
or nest-mates [14], and ants use trails of pheromone to coordinate
movements and improve the ability for the swarm to find food [8],
just to give a few examples.
The ability to smell volatile chemicals provided by these sensors
has lead researchers – from the 90s on – to investigate the use of
gas sensors for robot navigation. The ability of robots to orientate
themselves by smelling some odor has proved useful in many
scenarios. Two applications have been investigated so far: a robot
using a trail of odor marked on the ground, to follow a particular
path [30], or a robot using odor clues to localize an emitting
source. In this paper, we will focus on the second issue. Gas
source localization by using an autonomous agentwould help us to
accomplish many tasks, in either indoor or outdoor environments:
it could help to localize leaks of harmful gas in industrial or
domestic environments, to monitor a poisoned area, to detect
pipeline leakages and to search for hidden explosives or narcotics.
To localize an emitting chemical source in a rapid and reliable
way is not an easy task, because of the complex nature of gas
distribution. Gas source localization essentially involves three
different subtasks, and according to the taxonomy of [16], they
include the following: plume finding—namely detecting increased
gas concentration, plume traversal — namely following the plume
up to the source, and source declaration — namely determining
if a source has been found. Turbulent gas dispersion brings up
a few issues for autonomous agents when fulfilling the above
mentioned subtasks. At medium and high Reynolds numbers (the
situation encountered by an autonomous agent), gas dispersion
is dominated by turbulent mixing [4,33]. Odor is concentrated
in ‘‘packets’’, often with extremely low concentration measured
between immersions in an odor packet. The slow velocity of gas
molecules to diffuse (ethanol constant diffusion is 0.119 cm2/s at
25 ◦C and 1 atm with a diffusion length in one hour calculated to
be only 20.7 cm) implies that gas dispersion is totally dominated
by airflows: flow turbulence dominates the distribution of gas
molecules. As a consequence, instantaneous gradients are poorly
defined, time varying and frequently do not point towards the
source [28]. To solve these problems, most researchers test
their approaches by introducing an artificial strong airflow in
the experiment area, to minimize the effects of gas turbulent
transport. Therefore, tracking a gas plume up to its source with
no sufficiently strong airflow is a much more difficult task:
gas dispersion is dominated by low energy turbulent mixing
and weak convective flows, produced by spatial temperature
differences [35], resulting in a patchier and more fluctuant gas
distribution. Local concentration maxima and even the absolute
maximum have been observed at some distance from the source,
if the source was active for some time [24].
The two different conditions (absence and presence of a strong
and constant wind) are shown in Figs. 2 and 3, which report
our source characterization test results, namely of one source
ejecting ethanol in the presence and absence of a strong wind (see
Section 2).
Test results show the following:
• With a strong and constant wind, at least in an area close to
the source, low fluctuations around the average gas value are
noticed and a gradient is defined (Fig. 2);• Without any wind, high fluctuations of gas concentration occur
around the average value (Fig. 3).
Therefore, introducing a constant and strong airflow provides
several benefits in localizing a chemical source. Gas concentration
is temporally less fluctuant; the plume consists of two areas, as
noticed in [12,20]: a region closer to the source and a far region.
The region closer to the source consists of a high gas concentration
odorant, which sharply falls off at the edges of the plume (and
which makes the plume finding task easier for a robot), with the
average concentration decreasing when going downwind: here a
concentration gradient can be detected. Going downstream, the
plume becomes larger and edges are less well defined. This is the
far region, where instantaneous concentration is highly variable.
Moreover, the direction and intensity of a strongwind can be easily
measured by using an anemometer, where wind direction may
help to track the plume up to its source.
In the next section, we will review the approaches proposed by
researchers in the two different scenarios.
1.2. Previous works in an indoor environment in the presence and in
the absence of a strong and constant airflow
In experimental conditions with a strong and constant air-
flow, gradient-ascent based methods have been proposed and
tested [20,26,32]. In theseworks the robot uses spatially-separated
gas sensors. It reacts to a sensed concentration gradientmoving to-
wards the direction in which it senses a higher gas intensity. Based
on this strategy, a wheeled underwater robot was also made to
move in a flume featuring an artificially generated flow [12]. Re-
sults show that the gradient can be followed if the robot moves
inside the artificially generated plume and it is not too far from
the source: here a gradient is detectable. If the robot gets outside
the well defined plume or far from the source, the information ac-
quired is misleading and the robotic agent is liable to get ‘‘stuck’’
into local maxima or to wander about.
The biological world has inspired a family of bio-inspired
algorithms aimed at reproducing the successful behaviors of
animals in localizing ejecting sources. The chemotactic behavior
of the bacterium Escherichia coli has been implemented and tested
on robots [26,27,32]. The bacterium strategy works well in a small
scale, where the chemical dispersion is characterized by diffusion.
At large scales it presents the same flaws as the gradient-ascent
based algorithms: the robot is liable to wander about if it is far
from the source or outside the well defined edges of the plume.
However, unlike the gradient-ascent techniques, it is not affected
by the difficulties of relying on differential measurements taken
with different sensors, which are often misleading because of
the intermittent nature of the plume. The most studied behavior
is no doubt the upwind flight of the male moth searching for
a female ejecting pheromone [2,6]. The behavior of the moth
consists of counterturning patterns with alternate turns to the
left and right, according to the wind direction (casting), to come
into contact with packets of odor, and then an upwind movement
(surge), to come closer to the source. This successful behavior
was theoretically studied [4] and implemented on robots [27,29,
32], showing its efficiency and reliability. Other approaches aim
at using information about wind direction and gas samplings, to
mix plume acquisition and plume following behaviors up to a
source [16,17,31].
Much less work has addressed indoor environments without
artificially created strong ventilation, despite the fact that this
condition is more realistic and common in indoor environments,
and that this is the actual situation in which robots will have to
work in real applications.
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airflow, gas concentration presents peaks and high variability,
with respect to the average value (see Fig. 3). The extremely
weak airflows present in a room are hardly detectable. In fact,
the classically used thermal airflow anemometers show detection
limits (5 cm/s), unable to detect weak airflows [19]. Also the more
sensible ultrasonic anemometers (detection limits of about 1 cm/s)
sometimes fail to detect wind in particular areas of a room [19].
In addition, the movement of the robot can have some significant
impact in measuring weak airflow. Finally, it is worth noting that,
also with a constant mean airflow, the presence of obstacles can
generate areas where information about the wind cannot be used
by the robot. To deal with this issue, some researchers have tried
to propose methods that either do not rely on or only partially rely
on wind measurements.
Experiments with a robot moving in a corridor are reported
in [21], to investigate the relation between gas measurements and
source location (peaks in measured concentration are observed
to be associated with a source nearby). In [18] the use of gas
sensors, together with a vision system to identify some possible
ejecting objects, is tested in a room without forced ventilation:
the information about the airflow is only used when it is
available. However, the vision can be useful only if the source is a
recognizable object, for example a bin or a bottle. If it is a leak from
a pipeline, the vision cannot help to localize the source. In [23],
a modified moth behavior is described which does not use wind
information for its peculiar upwind movement.
With no wind, gradient-ascent based techniques can improve
overall performances, but theymay be easily affected by extremely
multimodal gas distribution [22].
2. Sensor calibration and source characterization
As odor sensors, we chose TGS 800 commercial sensors
manufactured by Figaro Engineering Inc. They are metal oxide
semiconductor gas sensors, and, in the presence of alcohol vapors,
internal resistance changes, based on a logarithmic function. This
kind of sensor was chosen for its high sensitivity, usable long life
span, and comparatively high robustness to changing environment
conditions [25]. The sensors are small, cheap, and can be easily
integrated in the measurement circuit [25]. Their main drawbacks
involve the need for a high operating temperature, which causes
a high power consumption and slow recovery time after the gas
is removed. Furthermore, they include a variance of the response
characteristics between individual sensors. For this reason, at first,
some calibration sessions were carried out. Sensors (6 sensors:
5 for source characterization, 1 used on the robot) were tested
in a hermetically closed box, where a known increasing amount
of alcohol was periodically injected. A fan was also included to
accelerate alcohol vaporization and homogeneous dispersion. The
signals coming from the sensors were acquired using a DAQCard-
6024ETM, from National Instruments. Data were sampled every
1 ms, and each stored value was the mean calculated on 500
measurements. In order to calibrate the sensors, the data collected
were fittedwith the characteristic bi-logarithmic function given by
the sensors datasheet: the sensed gas concentration is proportional
to the value of the internal resistance, that is,
log(c) = f (log(R/R0)) (1)
where c is the sensed gas concentration, R is the internal resistance
and R0 is the resistance when no gas is sensed by the sensor.
We fitted this relation for all the known concentrations injected
in the box (ci) (we used 14 concentrations) using a third degree
polynomial:
log(ci) = k0 + k1 log(R/R0)+ k2log(R/R0)2 + k3 log(R/R0)3 (2)Fig. 1. Position of the sensors related to the ethanol source during the experiments
for source characterization. The source was a circular 8.5 cm diameter dish
containing ethanol alcohol.
where ci are the known ethanol concentrations used during
the calibration session and ki are the coefficients of the fitting
polynomial. We solved, in the least squares sense, the systems of
equations for the different sensors, to find the desired polynomial
coefficients. The coefficients of the polynomial, characteristic of
each sensor, were used to convert sensor voltage outputs into
concentrations.
In order to characterize gas dispersion, some preliminary
experiments were carried out. The source used was an 8.5 cm
diameter circular dish, containing ethanol alcohol, because of its
volatility at room temperature and no toxicity. This is the same
source used in the experiments with the robot. We used the
previously calibrated sensors to measure alcohol concentrations.
We used 5 sensors placed in a row, spaced 25 cm from each
other. The first one is at a distance of 30 cm from the source
(see Fig. 1). The acquisitions started after the ethanol had been
free to evaporate for 15 min. Two different kinds of trials were
carried out: one without the introduction of an external artificial
airflow and a second one with a fan, placed 40 cm behind the
source, generating an airflow of about 50 cm/s. We collected data
placing the sensors in four perpendicular directions to investigate
the spatial differences in gas distribution. Figs. 2 and 3 report
the results for one direction. Fig. 2 reports the results with the
sensors placed inside the limits of the well defined generated
plume.
The figures clearly show the differences between the two
conditions. With the presence of the wind, at least inside the well
defined plume and not too far from the source, gas concentration
is much smoother: a gradient is detectable, low variations around
an average value are present. There is a sharp fall in concentration
at the edges of the plume, created by the forced ventilation. The
analysis of Fig. 3, however, clearly shows a much more complex
distribution. There are high variations around an average value,
and at a distance from the source it appears more difficult to
recognize which sensor is the one closest to the source. The gas
distribution showsmuchmore spatial uniformity than for the case
with wind, in which extremely low concentrations are present on
the upwind side of the source. Fig. 3 also shows an interesting
feature of gas distribution: getting closer to the source, peaks of
gas intensity become more frequent and higher. These peaks, also
noted in [3,22], appear to be a distinctive feature of the proximity
to an emitting source. It has also been suggested that some animals
(lobsters, for example) [3] might theoretically be able to extract an
odor landscape from the shapes of the peaks of sensed odor, and
use it to move up to a food source.
3. SPIRAL algorithm
SPIRAL is an algorithm to localize a chemical source without
using any information about the airflow, so as to be able to
work reliably in an indoor environment with no strong airflow.
The SPIRAL idea involves spiral movements. During the spiral
movements the robot stops to sample gas. With the data acquired,
it figures out its proximity to the source: if it finds out it is closer
to the source in comparison with the previous measurements, the
robot starts one more spiral movement, otherwise, it continues in
the current one. Thisway, spirals are propagated to get closer to the
source (see Fig. 4). Fig. 5 shows the actual spiralmovement that the
396 G. Ferri et al. / Robotics and Autonomous Systems 57 (2009) 393–402Fig. 2. Source characterization with a strong airflow. Airflow is forced by a fan placed behind the source. Sensor 0 is at a distance of 30 cm. All sensors are spaced 25 cm
from each other, so that the farthest sensor (Sensor 4) is at a distance of 130 cm. Sensors are placed inside the well defined plume created by the fan. Low fluctuations in
sensor measurements around average values are noticed.Fig. 3. Source characterization without a predominant airflow. Sensor 0 is placed at a distance of 30 cm from the source. All sensors are spaced by 25 cm from each other,
so that the farthest sensor (Sensor 4) is at a distance of 130 cm. High fluctuations in sensor measurements around average values are noticed.robot performs. Arm lengths have been chosen, based on the search
area dimensions. Crosses represent the sampling locations.
At this stage, it is necessary to discuss how to quantify the
proximity to a source and to describe the movements of the
propagating spiral.
3.1. Proximity to a source
Proximity to the source cannot be easily quantified by simply
referring to instantaneous gas concentrations, because of the high
signal fluctuations. The slow response time of gas sensors makes
it even more difficult for the robot to react to instantaneous gas
samplings. To solve these problems, SPIRAL uses a stop and sense
philosophy to sense the gas. An acquisition ismadewhen the robot
is not moving, and lasts 1T seconds. After each acquisition, an
index, called the Proximity Index (PI), is created.
The index is a number quantifying how close to the source
the robot is. Bearing in mind our observations throughout source
characterization experiments, we defined the PI, based on the
signal average and on the measured concentration peaks, which
are a distinctive feature of gas distribution near an emittingchemical source. PI parameters aim at mixing the intensity of the
concentration peaks measured and the mean of gas concentration
intensity in a weighted sum. The PI is defined as:
PI = Kµ · µ+ KP · P(1TP) (3)
where: Kµ, Kp are two multiplicative constant values;
- µ is the mean of the signal acquired by the gas sensor during
the fixed temporal window;
- P is defined as the sum of the number of peaks (a ‘‘peak’’
refers to a local maximum above the average value measured in
the acquisition window) of gas concentration, measured in a fixed
temporal window (1T ), each multiplied by its own intensity. The
acquisition temporal window (1T ) is divided into intervals of1Tp
seconds; for each interval, only the highest peak is considered for
the final sum;
- 1Tp is the length of the windows into which the acquisition
time is divided.
The mean (µ) is added to the PI, to catch some information on
the distance from the source, when the peaks are low.
The values for these parameters were chosen based on the
data coming from our source characterization experiments (in
G. Ferri et al. / Robotics and Autonomous Systems 57 (2009) 393–402 397Fig. 4. SPIRAL algorithm basic idea. HIT indicates when the robot figures that it is
closer to the source.
Fig. 5. Actual spiral path covered by the robot. The crosses represent the sampling
locations.
the absence of wind). For each sensor, the data acquired were
divided into temporal windows of1T seconds. PIs were computed
from the different windows. The PI calculation was applied several
times, using a different set of parameters each time. The set
was generated heuristically within reasonable limit values. The
set of parameters that generated better PIs was chosen for the
implementation of the algorithm. For ‘‘better’’ we mean a set of
parameters that causes the PIs to better follow the order relation
between the sensors: that is, given two sensors, the one closer to
the source needs to have higher PIs than the one that is further.
The parameters include the following:1T (the fixed acquisition
temporal window) is a trade-off between searching algorithm
rapidity and PI creation accuracy, and it is fixed at 30 s (10 s and
20 s were also tested); 1Tp is fixed at 5 s (chosen among the
following tested values: 1 s, 2 s, 5 s, 10 s, 15 s).1Tp is a parameter
affecting spurious peaks readings. Kµ is fixed at 1 and Kp is fixed
at 0.5 (0.l, 0.2, 0.5, 0.7, 1, 1.5 were also tested) (they affect the
relative weighting of the average measure and peak intensities).
For the rare case in which no peaks are found, Kµ = 2 is used. This
correction is necessary to give more weight to the average value
in this specific case. Our experiments suggest that for this value it
is reasonable not to have so large a difference between a PI with
peaks and a PI without peaks.The index seems relatively robust to different parameter
variations. The most critical parameter to choose is 1T . It was
chosen as a compromise between accuracy in PI creation and speed
in finding the source: a high1T , in fact, implies PIs that bettermeet
the order relation between the sensors, but it causes an overall
increment in the time to find the source.
3.2. SPIRAL movement strategy
Drawing inspiration from the behavior of insects, the SPIRAL
algorithm reiterates fixed searching in spiral figures. The moth, for
example, alternates fixed and repetitive movements to come into
contact with odors (casting), and then it moves upwind (surge) [6].
SPIRAL is basically a sort of casting (spiral movements) that is
sometimes restarted during the searching task. The decision to
restart the spiral movement is made on the basis of the calculated
PI values. Obviously, we cannot use a surge movement because we
cannot measure a stable and constant wind direction.
The robot moves along a spiral. At the end of each spiral arm, it
stops and performs an acquisition. With the data provided by the
acquisition, the robot calculates the Proximity Index (PI), which
takes into account the intensity of concentration peaks and the
mean value of the signal (see Section 3.1 for PI description). The
robot has a stored PI value called TPI (Threshold Proximity Index).
If the next PI is higher than or equal to the TPI , the TPI is refreshed
to the new PI value, and a new spiral is started (we call this a HIT).
Otherwise, if the new PI is lower than TPI , the TPI is not refreshed,
and the current spiral is continued (we call this a MISS).
SPIRAL presents the following additional features:
• A minimum threshold for PI: mTPI (Minimum Threshold PI).
This threshold is a minimum PI value below which the HIT
mechanism is not triggered.
The threshold was chosen based on experiments. We
calculated different PIs in different positions in the room used
for experiments with the robot, after a source had ejected
ethanol for 5min. Then, PIs calculated atmore than2m from the
source were considered not to provide sufficient information
about the proximity of the source. Their average was selected
as the minimum threshold.
• A mechanism of TPI lowering. This mechanism is activated in
two different cases:
• five consecutive MISSes; in this case, the TPI parameter is set
to the valuemTPI −∆ (where∆ is a positive constant design
parameter);
• three consecutive MISSes with measured PIs lower than
TPI/2; also in this case, TPI is set to the valuemTPI −∆.
• The first mechanism aims at solving the problem of a robot
moving about in a gas low-concentration area, and the second
one aims at preventing spurious high gas measurements (high
PIs), which could compromise the SPIRAL efficiency.
An escaping (ESCAPE) movement. When a spiral has ended
and no HIT has occurred during the spiral, the robot resets the
TPI , and then it rotates through a randomly generated angle (45◦
granularity). Afterwards, the robot goes forward covering some
distance (this distance is a design parameter depending on the
geometry of the environment). These movements are intended
to explore the environment randomly, when considerable PIs are
not produced. Even if this mechanism was rarely triggered in
our experiments, it is designed for an application in large indoor
environments where areas of low PIs can be found.
An obstacle-collision handling behavior has also been studied
and added to SPIRAL. In the case of an obstacle collision, the robot
performs a pre-defined sequence of movements, to avoid future
obstacle collisions. The obstacle-collision handling behavior is very
simple: the robot goes backwards, then rotates, and finally goes
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collision. The sense of rotation (clockwise or counter-clockwise) is
chosen by taking into account either the task to continue the spiral
movement or the possibility of exploring places with higher PIs.
The obstacle collision handling appears to be a fundamental issue
above all in an indoor environmentwith obstacles, or characterized
by relatively small dimensions, where possible collisions with the
borders of the area may occur.
Fig. 6 reports the state diagram of the SPIRAL algorithm.
4. Experimental set-up
The SPIRAL algorithm was implemented on one robot of the
MOMO robotic platform, supplied with a TGS 800, manufactured
by Figaro Engineering Inc., a sensor for alcohol detection.
The MOMO platform was developed and presented in previous
works of the authors [9,10] to easily test gas-finding algorithms.
In our experiments we use one single-agent robot (see Fig. 7),
based on the RoboDesigner Kit, manufactured by Japan Robotech
Ltd, and a PC. The PC tracks the robot position (via a web-cam)
and communicates with the robot, checking its state (through an
FM communication channel — an AUR EL XTR-434H from AUREL
spa Inc. transceiver is used either with the PC or the robot), and
collecting the data produced by the robot’s actions. The robot,
17 cm long and 17 cm wide, is provided with two encoders on its
wheels for rough odometry, a main micro controller that manages
movement (PIC 184F52 from Microchip Technology Inc.), two sets
of high capacity rechargeable Ni-MH batteries (assuring at least
two hours of autonomy), two bumper whiskers as touch sensors,
and a TGS 800 gas sensor.
Fig. 8 shows a drawing of the roomwhere the experimentswith
the robot and preliminary tests with sensors were carried out. The
room contained a 3 m × 2.1 m arena where the robot was able
to move. The arena was delimited by polystyrene walls on the
north and south sides. Humidity and temperature conditions were
assessed so as not to vary remarkably when compared with those
reported in the sensor datasheet, and not to affect measurements
significantly. During the experiments, the doors and windows of
the roomwere kept shut. In the PC location, two persons were free
to move. Fig. 9 shows a picture of the experiment area with the
robot searching for the source. During the experiments, the robotFig. 7. The MOMO platform overview with one robot.
moved with a speed of about 20 cm/s. During each acquisition,
the robot sampled gas concentration every 1 ms, and it stored
averages calculated on 500ms. A third degree polynomialwas used
to convert sensor voltage outputs into concentrations during the
experiments, and its coefficients were calculated during the sensor
calibration experiments (see Section 2).
5. Experimental results
This section reports and discusses the experimental results
obtained from SPIRAL implementation on aMOMOplatform robot.
To evaluate the viability of the proposed SPIRAL algorithm,
sets of trials were carried out also implementing other algorithms
for the robot movement. Different sets of trials were carried out
for each algorithm, for two different starting conditions: 150 cm
and 180 cm robot-source start distance. A trial was considered
completed (stop condition) when the robot reached a 20 cm ×
20 cm square containing the source. The trials were divided into
sessions: four trials were carried out for each session. Each trial
session started five minutes after the opening of the gas source. At
the end of each trial session, windows were opened and the air of
the room changed. The experiment area is divided into nine sectors
(see Fig. 8). The source was placed in sector 6. The robot starting
G. Ferri et al. / Robotics and Autonomous Systems 57 (2009) 393–402 399Fig. 8. A drawing of the experiment room. The position of the source (circle in
sector 6) and the starting position of the robot (arrow in sector 4) are showed.
Fig. 9. Experiment areawith the robotmoving around, with cardboard forwebcam
tracking.
position was placed in sector 4: the robot is oriented with its nose
heading at 90◦ to the source. The robot positions were tracked by
a webcam, so that searching paths could be easily displayed and
post-processed. A typical tracked trial of the SPIRAL algorithm is
reported in Fig. 10.
The SPIRAL algorithm functionalities have been compared with
two other algorithms: a bacterium-inspired algorithm (BA) [32]
and a random SPIRAL algorithm.
The behavior of E. coli bacterium [1] consists of straight runs
and occasional turns (tumbling). The angles of the turns depend on
the sensed chemical spatial gradient computed through successive
chemical samplings: if the gradient is positive, the bacterium
tends to go straight, otherwise it turns randomly. This behavior
has inspired robotic researchers and it has been implemented
on robots. We chose this behavior as a comparison with SPIRAL
because it is the only algorithm in literature, to the best of the
authors’ knowledge, which uses only one gas sensor and does not
require any information about the wind to work. In this paper, for
the first time, we present the results of the bacterium-inspired
algorithm application, in an environment with no strong and
constant airflow. We adopt the version used in [32]. DescriptionFig. 10. Webcam tracking of a trial. HIT indicates the condition when the new
computed PI is greater than or equal to the stored one. MISS indicates the situation
in which the new computed PI is lower than the stored one.
Table 1
Pseudo code of Escherichia coli bacterium algorithm
The E. coli algorithm:
l = 25 cm
repeat {
if current sensor reading is greater than previous sensor reading
rotate± random (5◦) and move forward l± random (0.05 l)
else
rotate± random (180◦) and move forward l± random (0.05 l)
}
of the implemented E. coli algorithm is given in Table 1. The
acquisition time for the BA is set at 3 s [26,32] which seems to be a
suitable time to achieve reliable gas measurements. We also tried
to investigate the behavior of BA with an acquisition time of 30 s,
the same time as used by SPIRAL.
The random SPIRAL algorithm is implemented in the same way
as SPIRAL, but using random values instead of computed Proximity
Indices. The SPIRAL random walk was used to assess whether the
room dimensions are large enough to avoid a particular kind of
random walk can find the source with a number of acquisitions
comparable to SPIRAL.
The results (means and standard deviations) of the trials carried
out using the three different algorithms are reported in Table 2. The
comparison between SPIRAL and random SPIRAL shows clearly the
superior efficiency of the proposed method (on average, SPIRAL
reaches the source using less than one third of the acquisitions
needed by the random SPIRAL algorithm). This assesses that the
experimental area is large enough for a ‘‘smart’’ randommovement
to be unable to achieve comparable results.
SPIRAL works better than the bacterium-inspired algorithm
(both with 3 s and 30 s acquisition times). The results of our
trials with the BA (30 s acquisition time) suggest that, even if
the bacterium-inspired algorithm (30 s acquisition time) finds the
source with fewer acquisitions than BA (3 s acquisition time), it is
much slower. This is due to the nature itself of bacterium-inspired
algorithm. The robot needs to perform a remarkable number of
acquisitions, in order to orientate itself using the random nature of
the bacterium algorithm. Issues come up when the robot moves in
areaswith low gas concentrations: the high number of acquisitions
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Results of the trials with different algorithms
Algorithm Starting distance from the source (cm) Number of trials Time to find the source (s) Steps(acquisitions) to find the source
SPIRAL µ = 180 15 µ = 398.2 µ = 11.5
σ = 151.5 σ = 4.3
µ = 150 15 µ = 306.3 µ = 9.2
σ = 91.2 σ = 2.7
E. COLI (acquisition time= 3 s) µ = 180 15 µ = 463.3 µ = 67.8
σ = 93 σ = 14.7
µ = 150 15 µ = 353.1 µ = 50.3
σ = 73.2 σ = 11.3
E.COLI (acquisition time= 30 s) µ = 180 4 µ = 1671.2 µ = 49.3
σ = 134.9 σ = 4.1
µ = 150 4 µ = 1184.1 µ = 35.7
σ = 158.1 σ = 5.1
SPIRAL RANDOM µ = 180 10 µ = 1351 µ = 38.6
σ = 291 σ = 8.1
µ = 150 10 µ = 991 µ = 28.3
σ = 193 σ = 5.2needed to approach areas closer to the source where the algorithm
can work better make the task of moving towards areas with
higher concentrations too time consuming. Time to find the source
drastically decreases reducing the sampling time. The BA (3 s
acquisition time version) produces times to find the source that are
comparable with SPIRAL times. However, SPIRALworks better. It is
worth noting that the obstacle handling behavior becomes above
all fundamental in BA experiments. In fact, BA (3 s acquisition
time version) is more easily affected than SPIRAL by turbulent
effects, and it tends to wander about hitting the borders of the
experimental area. The many collisions with the borders and the
consequent collision handling behavior help the robot to explore
the experimental area andmakes it able to reach areas with higher
gas concentrations (closer to the source), where the BA algorithm
is more effective. In the trials in which SPIRAL was used, a few
collisions against the borders were observed (see for example
Fig. 10). This suggests that enlarging the experimental area would
not change SPIRAL results significantly, whereas it would decrease
BA efficiency: the robotmightmove in low gas concentration areas
and it could come closer to the source only after a long time. SPIRAL
balances its greater robustness against turbulent effects with a
longer acquisition window.
6. Conclusions and future works
This paper focuses on the design and implementation of a
biologically-inspired algorithm on a robotic platform, with the
purpose of localizing a gas source in an indoor environment in
the absence of strong airflows. Turbulence and weak convective
flows strongly characterize the dispersion process. Gas is present in
‘‘packets’’, and high fluctuations around amean value are observed
(see Fig. 3). These problems decrease with the introduction of a
strong wind. A strong and constant wind increases the energy of
turbulent mixing producing an area relatively close to the source
where a gradient is detectable and low fluctuations around amean
value are present (see Fig. 2). Without a strong wind, information
about airflow direction cannot be used to infer the position of the
ejecting source. Therefore, searching an odor source in a windless
room becomes a harder task. In this paper, we focused on this
environment for two different reasons: it can well represent a
realistic indoor scenario, and these conditions may be peculiar to
areas behind obstacles also when a strong mean flow is present in
the searching area.
To perform gas source localization in these experiment
conditions, we proposed the SPIRAL algorithm, which consists of
spiral movements and stop and acquisition steps, after which a
Proximity Index is created. The Proximity Index aims at expressingproximity to the source with a numerical value. The index
includes the measured gas peak intensity and the signal average
as well. SPIRAL allows the robot to move towards higher and
higher Proximity Index locations, which correspond, on average,
to locations closer to the source.
The SPIRAL algorithm was implemented on the MOMO robotic
platform [9,10] and tested by means of experiments with one
robot. The validity of the SPIRAL approach was assessed by
comparing it with an E. coli bacterium algorithm (the only other
method available in the literature, to the best of the authors’
knowledge, which presents the same features as SPIRAL: single
and not differential gas measurements and no use of information
about the wind) and a SPIRAL random-walk. The results are very
encouraging and show that the algorithm is robust and reliable
in finding the source. The SPIRAL algorithm main features can be
summarized as follows:
• the robot moves spirally towards high Proximity Index
locations;
• the spiral movements make the algorithm intrinsically robust,
which means that wrong measurements (low measurements
near the source) do not compromise its effectiveness. If no
trigger occurs, the spiral movement, in fact, allows the agent
to pass again in a location closer to the source, where the robot
has another possibility to trigger;
• no differential measurements are needed. There is no necessity
to calibrate more than one sensor: to calibrate different gas
sensors is not an easy task. More importantly, differential
measurements with spatially separated sensors might be
misleading, because of gas concentration high fluctuations;
• it works without a constant forced airflow and without the
necessity of acquiring information about the wind (measuring
wind direction in the environment described may be hard to
accomplish [19]).
In the literature, only a few works address the gas source
localization issue in the environment analysed in this paper. The
only other method showing the same features, to the best of the
authors’ knowledge, is the bacterium-inspired algorithm. Fromour
experiments SPIRAL appears to bemore robust than the bacterium-
inspired method.
If we take the time used to find a source as a merit factor,
SPIRAL needs more time if compared with the time necessary
for the algorithms available in the literature, which use the
wind information. However, the time used is comparable and
of the same order of magnitude. Similar results achieved in a
more difficult experiment setting show the viability of SPIRAL
as an algorithm to be used in an indoor environment, when the
airflow is so weak or unsettled that a state-of-the-art anemometer
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traditional algorithms in areas (above all behind obstacles) where
traditional algorithms fail because of the difficulty of measuring
wind direction.
In future works, further experiments in larger areas will be
carried out, to investigate the efficiency of SPIRAL. In addition,
we will use SPIRAL in a multi-source and windless environment,
together with a probabilistic mapping algorithm [11]. Once the
presence of a source in an area has been most likely detected, the
spiral movements of SPIRAL may be used to localize the ejecting
source.
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